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INTRODUCTION
The heavy metal cadmium is ranked number 7 on the top 20 hazardous substances priority list by the Agency for Toxic Substances and Disease Registry (Fay and Mumtaz, 1996; Liao and Freeman, 1998) . It has also been categorized as a group 1 human carcinogen (International Agency for Research on Cancer, 1993) and a potent multi-tissue animal carcinogen (Waalkes and Misra, 1996) . Cadmium has an extremely long biological half-life (10-30 years) that makes it a cumulative toxin and carcinogen primarily in liver and kidney (Goering et al, 1994) . Occupational or environmental exposure to cadmium is associated with lung cancers in humans (International Agency for Research on Cancer Monographs, 1993; Waalkes, 2000) and with the development of cancers of the prostate, kidney, liver, hematopoietic system and stomach (International Agency for Research on Cancer Monographs, 1993; Waalkes, 1995; Waalkes and Misra, 1996; Waalkes and Rehm, 1994) .
Traditional toxicological testing utilizes whole animals to test the potential toxicity of chemicals. These tests are expensive, time-consuming, and provide little information on early, low dose effects in target cells. Primary rat hepatocytes have been used extensively for testing chemical and drug toxicity by pharmaceutical companies. It is believed that any toxic chemical will disturb the gene expression pattern and, as a result, may give rise to a specific "fingerprint" of chemical toxicity. By monitoring thousands of genes in cells simultaneously, DNA microarray technology provides the opportunities to characterize the patterns of gene expression induced by chemicals, to understand the biological effects and mechanisms on a genome-wide scale and to make tailored therapeutics to specific pathologies possible (Brown and Botstein, 1999; Young, 2000) . Since changes in the transcriptomic level usually precede the toxic outcomes, i.e., there is a time delay in the signal transduction from the gene expression at mRNA level to toxic endpoint at the cellular level, gene expression profiling offers an opportunity for us to identify the early, sensitive indicators of cellular toxicity resulting from chemical exposure, and it also provides a more comprehensive view of molecular responses induced by chemicals and drugs (Aardema and MacGregor, 2002; Kier et al, 2004) .
The advances in high-throughput technologies provide unprecedented opportunities to investigate the complex biology system at multi-scales, from genetic and transcriptomic levels to proteomic and metabonomic levels. There is an increasing need to link the large amount of information from different scales to gain insight into the biological functions, pathways and dynamics at the systems level, leading to the emergence of an exciting new field called systems biology Hood and Perlmutter, 2004; Li and Chan, 2004; Oltvai and Barabasi, 2002) . The use of gene expression to evaluate the phenotypic endpoints such as chemical and drug toxicity and efficacy of drugs is an emerging inter-discipline of systems biology and toxicology, called toxicogenomics (Aardema and MacGregor, 2002; Hamadeh et al, 2002; Lehmann, 2003; de Longueville et al, 2004; Irwin et al, 2004; Morgan et al, 2004) . It is expected that the gene expression profiles will allow the discrimination among mechanisms of toxic damage, the prediction of specific toxicities and the identification of molecular biomarkers that signal a particular toxic or carcinogenic mechanism (Aardema and MacGregor, 2002; Irwin et al, 2004; Suter et al, 2004) . The results from toxicogenomics will not only result in considerable savings with regard to time, cost and animal use relative to conventional methods, but also make certain human studies that could not be carried out at overtly toxic exposures possible (Aardema and MacGregor, 2002) .
Toxicogenomics has found promising applications in terms of chemical or drug toxicity and efficacy (Kier et al, 2004; Staunton et al, 2001; Vekris et al, 2004) .
One challenge associated with the application of microarray gene expression data is that the number of variables (genes) is much larger than the number of observations (samples), resulting in a high degree of collinearity in the gene expression profiles. Direct application of conventional statistical techniques often results in ill-posed or computationally infeasible problems (Park et al, 2002) . To deal with this kind of severely ill-conditioned problems, one common way is to reduce the dimensionality of the gene expression data. Principal component analysis (PCA) is a popular method to serve this purpose by finding a set of orthogonal principal components (linear combinations of the original variables) to account for the maximum variations in gene expression data. Since the information in the response variables such as cytotoxicity, is not taken into account in constructing the principal components in PCA, the performance of PCA in prediction or classification may not be optimal . To overcome this problem, partial least squares (PLS), developed by Wold et al (Wold et al, 1984; Wold et al, 2001) , was used to find orthogonal linear combinations of the original predictor variables, which highly correlate with the response variables, while accounting for as much variance in predictors as possible. PLS is powerful in analyzing data with strongly collinear (correlated), noisy and numerous X-variables (Wold et al, 2001) , and has been widely used in microarray data analysis in terms of tumor classification and survival time prediction (Ding and Gentleman, 2004; Fort and Lambert-Lacroix, 2004; Huang and Pan, 2003; Nguyen and Rocke, 2002a; Nguyen and Rocke, 2002b; Nguyen and Rocke, 2002c; Park et al, 2002; Pérez-Enciso and Tenenhaus, 2003; Tan et al, 2004) .
The objectives of this study include: 1) evaluating and predicting the cytotoxicity of primary rat hepatocytes exposed to cadmium acetate using gene expression profiles for assessment of the health risk due to exposure to cadmium; 2) identifying early biomarkers at mRNA level that are strongly related to Cd-induced toxic outcomes and can be used to predict the cytotoxicity at a later stage; and 3) elucidating the roles of these genes involving in the cellular responses to Cd exposure by reconstructing the underlying signal transduction network.
METHODS

Experiment design
The experimental design is shown in Figure 1 . Briefly, primary rat hepatocytes were isolated according to a reported procedure with minor modifications (Delraso and Frazier, 1999; Hussain and Frazier, 2003; Karpinets et al, 2004 ) and were exposed to cadmium acetate (0, << Figure 1 will be here >>
DNA microarray
Affymetrix GeneChip ® oligonucleotide arrays (RatTox U34) were used for mRNA expression profiling. The microarray experiment was replicated with hepatocytes from 3 animals, each with 2 replicates (independent cultures) for each dosage (3 dosage) at each time point (5 time points), resulting in a total of 90 chips (3 animals x 2 replicates x 3 doses x 5 time points). Total RNA was isolated from cultured primary hepatocytes (2 millions cells pooled from two wells of a 6-well plate at each dosage of each time point) using Qiagen RNeasy Mini kit (Qiagen, Valencia, CA). DNA microarray experiment was performed according to a procedure as previously described with some modifications.
LDH leakage
Membrane damage that results in LDH leakage is generally considered irreversible; therefore, LDH leakage was used as an indicator of cellular viability. LDH leakage was assessed by measuring the activity of LDH in the cells and in the media as described previously (Moldeus et al, 1978; Hussain and Frazier, 2003; Kikkawa et al, 2005) . The percentage of LDH activity was calculated by dividing the amount of activity in the medium by the total activity (medium and cell lysate). No significant difference in LDH leakage was found in controls (cadmium-free medium) at each time point.
Partial Least Squares (PLS)
The basic idea of various projection or dimension-reduction approaches, for example PCA and PLS, is to project the observations (samples) from the high-dimension variables (genes) space to a low-dimensional subspace spanned by several linear combinations of the original variables to satisfy a certain objective criterion . PCA attempts to find a set of orthogonal principal components to account for the maximum variance in predictors (X). Since there is no guarantee that the principal components representing the maximum variance in X should necessarily be the components strongly related to response variables (Y), the performance of PCA may be not satisfactory from the predictive point of view. To overcome the problem with PCA, PLS was developed by constructing a set of orthogonal components that maximize the sample covariance between response and the linear combination of predictor variables (Wold et al, 1984; Wold et al, 2001 ).
The objective criterion of PLS can be written as:
where w and c denote the weight vector of X and Y, respectively. Höskuldsson (1988) and Manne (1987) illustrated that w and c are related to the following eigenvalue problems:
where a is the maximum eigenvalue and the weight vectors w and c can thus be calculated as the first left and right singular vector of X T Y, respectively.
Although PLS was originated from chemometrics, it has been widely implemented in bioinformatics, especially in microarray data analysis, because of its powerful capability in analyzing data with strongly collinear (correlated), noisy and numerous X-variables (Wold et al, 2001) . For example, Nguyen and Rock used PLS as a dimension reduction method for binary and multiple cancer classification (Nguyen and Rocke, 2002b; Nguyen and Rocke, 2002c) ; PLS discriminant analysis was used for prediction of clinical outcome with microarray data by Pérez-Enciso and Tenenhaus (2003) and Tan et al (2004) ; Generalized PLS has been used to analyze microarray gene expression data for cancer classification by (Ding and Gentleman, 2004; Fort and Lambert-Lacroix, 2005) ; PLS has also been applied for prediction of survival time of cancer patients (Park et al, 2002; Nguyen and Rocke, 2002a) .
When PLS is used in toxicogenomics, the response matrix (Y) contains the information about the toxic or pathological outcome such as cytotoxicity, whereas the predictor matrix (X) represents the microarray gene expression profiles with each column corresponding to the expression levels of a gene across different samples. The PLS model can be formulated as follows:
where B is the matrix of regression coefficients, and E is the residual matrix.
The PLS estimation of regression coefficients (B PLS ) can be calculated as:
where X + denotes the generalized inverse of X obtained by PLS; subscript T denotes the transpose of a matrix; A -1 denotes the inverse of matrix A; W is the weights of X space; and P and Q are the loading matrix of X and Y spaces, respectively.
The prediction of response variables on a new set of samples is made by:
where X new is the gene expression profiles for the new set of samples, and Y new is the predicted response for these samples.
The PLS algorithm used in this paper can be found in the paper of Höskuldsson (Höskuldsson, 1988) and it was implemented using Matlab 7.0 R14 (The Mathworks Inc., Natick, MA). The selection of the optimal number of genes and the optimal number of PLS components was based on leave-one-out cross validation (according to the maximum R 2 CV ).
Gene pre-selection
Variable (gene) selection is important for the successful analysis of gene expression data since most of the genes are supposedly unchanged by chemical treatment, thus they are irrelevant to the prediction of phenotypic measurement. The inclusion of those non-informative genes in the modeling process will degrade the performance of the model.
Variables that do not contribute to response should be removed before the analysis. There are different approaches for gene selection such as neighborhood analysis (Golub et al, 1999) , significance analysis of microarrays (Tusher et al, 2001) , Wilks' lambda (Stephanopoulos et al, 2002) , t-score and critical score (Nguyen and Rocke, 2002c; Nguyen and Rocke, 2002b) , classifier feedback approach (Bicciato et al, 2003) and nearest shrunken centroids (Tibshirani et al, 2002) .
In this study, the sum of squared correlation coefficients between gene expression and cytotoxicity was used to select a subset of genes for subsequent analysis with PLS (Tan et al, 2004; Tan et al, 2005) . For example, the g*=100 genes are taken as the first 100 genes with the largest values of sum of squared correlation coefficients. The numbers of genes, g*, pre-selected for PLS analysis in this study are: 2 to 100 (with an interval of 1), 500 and all the genes (972).
Leave-one-out cross-validation
Leave-one-out cross-validation (LOOCV) has become a standard procedure to evaluate the performance of various prediction or classification methods in microarray data analysis. Note that when gene selection or dimension reduction is used together with a LOOCV procedure, a pitfall was to perform gene selection or dimension reduction before the CV loop. However, such incomplete LOOCV procedure is known to be substantially biased and prone to generating spuriously good results since the information about all samples is used for gene selection or dimension reduction before the CV loop (Ambroise and McLachlan, 2002; Simon et al, 2003a; Simon, 2003b; Tan et al, 2004) . In this study, the complete LOOCV (the gene selection and dimension reduction within the CV loop) was applied.
Evaluation of cytotoxicity using gene expression at earlier time points
Changes in gene expression at transcriptomic level are thought to precede the toxic outcome (Aardema and MacGregor, 2002) and are often more sensitive and characteristic of the toxic response than other cytotoxicity indicators at cellular level such as commonly used LDH release. There is a time delay during the signal cascade from the gene expression at transcriptomic level to cytotoxicity measured by LDH release at cellular level as a response to toxic damage (Kier et al, 2004) . Therefore, in this study, the microarray gene expression profiles at a certain time point was used to predict the cytotoxicity at subsequent time points to take into account this kind of time delay in the information flow from transcriptomic level to cellular level. For example, gene expression profiles at time 0h was used to evaluate the cytotoxicity measured at time 0h, 3h, 6h, 12h and 24h. And there were 15 combinations of biology-relevant prediction models (Table 1 ). For each of the 15 prediction models, microarray gene expression data at a certain time point (0, 3, 6, 12, 24 h), including 9 samples (3 animals and 3 dosages, mRNA expression level from two replicate arrays of same animal at the same dosage were averaged) and 972 variables (representing about 800 genes), was used to predict the cytotoxicity measured by LDH release at later stages (0, 3, 6, 12, 24 h); the optimal number of genes (g*: 2 to 100 (with interval of 1), 500 and all the genes) and the optimal number of PLS components (ranging from 1 to 20) were chosen based on LOOCV procedure (the highest R 2 CV ).
RESULTS AND DISCUSSION
Cytotoxicity measured by LDH release LDH leakage resulted from membrane damage because of chemical exposure is generally considered irreversible, therefore LDH leakage has been used as an indicator of cellular viability and cytotoxicity (Hussain and Frazier, 2003) . Figure 2 shows the effects of cadmium exposure on LDH release in primary rat hepatocytes. There was no significant LDH leakage in cultured hepatocytes exposed to Cd at the two dosages up to 6 h. However, a significant percentage of LDH leakage was observed at both 12 h and 24 h after Cd exposure at the higher dosage (2.0 µM) in all three rats, with a dramatic increase of LDH release at 24 h (Fig.   2 ). There was no significant change in LDH releases in cultured primary rat hepatocytes exposed to the lower dosage of Cd (1.25 µM). Overall, there was a clear time-and dose-dependent effect of Cd-induced cytotoxicity in cultured primary rat hepatocytes. In most cases, the gene expression profiles at a certain time point (except for time 12 h) predicted well the cytotoxicity at the subsequent time points with relatively high R 2 cv . This means that the idea of using gene expression at a certain time point to predict the cytotoxicity at later stages did work. In another word, the changes of mRNA expression profiles due to Cd exposure are highly related to the cytotoxicity (LDH leakage) in a time-delay manner. As shown in Table 1 , for gene expression profiles at a fixed time point, the highest R 2 cv generally came from the model that used gene expression data at this time point to predict the cytotoxicity at a later time point, rather than from using the same gene expression data to predict the cytotoxicity at the same time point. There may be several possible biological explanations behind this. Firstly, time delay during the information flow from the gene expression at mRNA level to the toxic endpoint at cellular level does exist and can be captured by a well-designed time-course microarray gene expression experiment. Secondly, such an important time-delay response can be characterized to some degree by using the gene expression profiles at a certain time point to predict the cytotoxicity at subsequent time points.
Interestingly, the best prediction performance (R 2 cv = 0.92) came from the model using the gene expression profiles at time 0 h (right after 2 h of exposure) to evaluate the cytotoxicity at time 12h, suggesting that the genes selected from the gene expression profiles at time 0 h may serve as a set of early biomarkers for evaluating cytotoxicity at time 12 h. DNA microarray gene expression profiles at 3 h and 6 h also showed a good prediction performance for the cytotoxicity at subsequent time points.
Identification of candidate biomarkers at mRNA level
As shown in Table 1 , cytotoxicity (LDH release) can be evaluated and predicted using only a subset of genes, suggesting that this subset of genes could serve as biomarkers at transcriptomic level in terms of evaluating cytotoxicity or cell viability and may also shed lights on the mechanism of cellular response to toxic chemicals. Note that during the LOOCV procedure, different subsets of genes (with the number of genes fixed) were selected when each sample was taken out from the total samples and reserved for prediction. A frequency number for each gene was calculated based on the number of times the gene was selected during LOOCV and was used to represent the importance of the gene in the prediction of cytotoxicity. Genes with frequency number larger than 6 were arbitrarily selected as potential biomarkers (note that the maximum frequency for each gene being selected during the LOOCV is 9, the total number of samples for each time point). The procedure of selecting candidate biomarkers based on the frequency of occurrence of variables has been widely used in bioinformatics, especially in high-throughput data analysis for biomarker discovery, and the underlying assumption is that the most frequently selected features are the most relevant candidate biomarkers (Zhou and Mao, 2005; Somorjai et al, 2003; Li and Chan, 2004; Liu et al, 2005; Kim et al, 2005) . If a gene was only selected for 1 or 2 times during the LOOCV, the chance of its relevance to the prediction of cytotoxicity would be low. However, if a gene was selected for most of the times during LOOCV, it would have a better chance to be related to the cytotoxicity. In another word, the response of this gene is more possibly due to cadmium exposure. Since not all of the prediction models listed in Table 1 Table 2 showed a portion of the selected toxicological-relevant biomarkers which may be actively involved in stress response of primary rat hepatocyte to cadmium exposure. The functional classification was partially based on the Rat Toxicology (RT) gene array database (Karpinets et al, 2004 ) and the complete list of genes selected by PLS can be found in the supplementary table.
Assessment of the reliability of prediction models by permutation analysis
It is important to evaluate the stability and reliability of a prediction model, given the relatively small sample size of microarray data compared with the number of variable. There are various statistical methods available to assess the reliability when there are no enough samples available to perform external validation (Bicciato et al, 2003; Nguyen and Rocke, 2002c; Tan et al, 2004; Tan et al, 2005) . In this study, permutation or shuffle studies were applied to compare the observed prediction performance, R 2 cv , with those expected at random.
At first, the cytotoxicity values (LDH leakage) from all the samples (the rows of dependent variable Y) were permuted while keeping the microarray gene expression profiles (X matrix) unchanged. Then, the newly generated random dataset with shuffled Y and unchanged X was analyzed by PLS using exactly the same LOOCV procedure as applied to the original dataset (number of genes and number of PLS components were chosen exactly in the same way as those chosen to obtain the best prediction performance for original datasets, as shown in bold face in Table 1 ). This procedure was carried out for 100 times. The distributions of R 2 cv over 100 permutations for situations from which the 8 prediction models with R 2 cv higher than 0.65 were developed are plotted in Figure 3 and compared with the prediction performance obtained from original datasets. It is obvious that, in all cases, R 2 cv obtained by PLS for the original dataset is significantly higher than those from the permuted random datasets. <<Figure 3 will be here>>
Relevance and significance of candidate biomarkers identified by PLS modeling
To assess the biological relevance of the identified candidate biomarkers, we evaluated the biological roles or functions of the candidate biomarkers to see if they are truly related to the biological problem being addressed (Li and Chan, 2004) .
The detoxification process plays a critical role in getting rid of or neutralizing a wide range of toxic chemicals either produced internally or absorbed from the environment (Rushmore and Kong, 2002; Schiaffonati and Tiberio, 1997; Sheweita, 2000) . This enzymatic process usually occurs in two steps involving both phase I and phase II enzyme systems.
Generally speaking, phase I enzymes such as cytochrome P450s (CYP450s) are involved in the activation of chemicals, converting chemicals to more active intermediates (Sheweita, 2000) , whereas phase II enzymes such as glutathione S-transferases (GSTs) are involved in the detoxification by conjugating an endogenous substances (e.g., glutathione, GSH) to the toxic chemical, leading to derivatives that are more water-soluble and can be easily excreted from urine or bile (Hinson and Forkert, 1995; Townsend and Tew, 2003) . As shown in Table 2, many genes identified by our modeling belong to the phase I and phase II enzymes. CYP450s are a group of enzymes that play a critical role in the phase I detoxification, although in most time, they convert chemicals to more active forms. Ten probe sets of CYP450s were found to be related to the LDH release in the primary rat hepatocytes exposed to Cd (Table 1) . PLS model also identified many phase II enzymes such as GSTs, sulfotransferase (ST), and UDP-glucuronosyltransferase (UGT). GSTM1 and GSTA5 are the members of GST super-family of enzymes, catalyzing conjugation of glutathione with chemicals. The glutathione conjugation produces water-soluble mercaptates that are excreted via the kidneys (Hinson and Forkert, 1995; Tawe et al, 1998; Townsend and Tew, 2003) . Sulfotransferases (SULT1A1, SULT1A2 and STE) encode another family of phase II detoxification enzymes that are involved in the conjugation of toxins with sulfur-containing compounds to detoxify the toxic chemicals (Goldstein and Faletto, 1993) . UGT2B12 and UGT1A6 are members of the UGT super-family of phase II enzymes that catalyze the glucuronidation of endogenous compounds as well as xenobiotics including toxin and carcinogens (Gueraud and Paris, 1998; Zheng et al, 2002) . Some other detoxification enzymes such as EPHX1, EPHX2, NAD(P)H, and quinone reductase were also identified (Dicker and Cederbaum, 1993; Fretland and Omiecinski, 2000) .
In response to stresses, including heat, oxidizing conditions and exposure to toxic compounds, cells can produce heat shock proteins (HSPs) to protect the cells against stress-induced damage. Exposure to cadmium, cellular proteins are abnormally denatured, and meanwhile certain cell stress response genes such as HSPs are stimulated (Papaconstantinou et al, 2003; Boone and Vijayan, 2002) . Most of the time, HSPs act as molecular chaperones to help denatured proteins refold. Seven probe sets representing HSPs such as Hsp8, Hspb1, Hspa1a and Hspca were identified as a response to the cadmium toxicity in primary rat hepatocytes by our modeling.
In addition, many mitogen-activated protein kinases (MAPKs) such as MAPK3k1, MAPK8 and MAPK14 were identified by our modeling. These genes are important components of the MAPK pathway, which is apparently regulated by Cd exposure, mostly likely due to Cd-induced oxidative stress. MAPKs include a large number of serine/threonine kinases involved in regulating a wide range of cellular processes such as proliferation, stress adaptation and apoptosis (Martindale and Holbrook, 2002) . The c-jun N-terminal kinases (JNK) and the p38 kinases are often related to the stress adaptation and referred to as stress-activated protein kinases (Kolch, 2000; Martindale and Holbrook, 2002) . They can be activated by a wide range of stresses such as radiation, osmotic shock, mechanical injury, heat stress and oxidative damage (Kolch, 2000; Martindale and Holbrook, 2002) ..
In addition, some DNA repair enzymes such as Adprt and Polb as well as genes related to protein repair and chaperoning, e.g., Dnaja1 and Cryab, were also identified. These proteins are involved in repairing Cd-induced membrane and DNA damages or function as chaperones to protect cells from injuring (Liao and Freeman, 1998) .
In this paper, two methods widely used in bioinformatics were applied to validate the relevance of selected candidate biomarkers: 1) since there is no enough data available for external validation, permutation or randomization studies were applied to compare the observed prediction performance of the selected biomarkers with those expected at random, in order to demonstrate that the high prediction capability of the selected biomarkers is not obtained by chance. And this validation method is a typical one used in bioinformatics (Nguyen and Rocke, 2002b; Simon et al, 2003a; Tan et al, 2005) ; 2) the biological roles or functions of the candidate biomarkers were also evaluated by reviewing literature to see if they are truly related to the biological problem being addressed, in order to further assess the relevance of the identified candidate biomarkers (Golub et al, 1999; Li and Chan, 2004 ).
However, it should be pointed out that the identification of candidate biomarkers from the viewpoint of bioinformatics and high-throughput data analysis is only the first step in the screening of biomarkers and in the understanding of the complicated molecular mechanism of cadmium toxicity. Further biological studies, such as testing the selected candidate biomarkers in different cell systems or different species, would nicely complement the 'in-silico' validation and provide stronger evidence about the relevance of candidate biomarkers to cadmium toxicity.
Reconstruction of pathway or gene network of Cd-induced stress responses
Intracellular damages induced by cadmium exposure include protein denaturation, lipid peroxidation and DNA strand break and damage (Liao and Freeman, 1998) . The proposed mechanisms include binding of metal to reduced cysteine residues and production of reactive oxygen species (ROS), possibly by lowering reduced glutathione levels (Abe et al, 1994; Chin and Templeton, 1993; Liao and Freeman, 1998; Manca et al, 1991) . To attenuate the toxic effects of cadmium, cells respond by activating a variety of genes involved in many processes such as scavenging ROS, chelating the metal to prevent further damage, repairing membrane and DNA damage, or functioning as chaperones and degrading unfolded proteins (Liao and Freeman, 1998; Liao et al, 2002) . However, little is known about how those stress-activated genes are orchestrated in responding to the cadmium-induced toxicity. In this paper, based on the biological function of the genes selected by our prediction models and the available literature knowledge, a hypothetic pathway or gene network of signal transduction was reconstructed to illustrate the underlying mechanism. regulate genes involved in apoptosis (Ichijo, 1999; Lewis et al, 1998; Tibbles and Woodgett, 1999) . The increased expression and phosphorylation of heat shock proteins such as Hsp27
can protect cells from cytotoxic responses and apoptosis through mechanisms such as chaperone activity, decreasing the release of cytochrome C and its binding activity in cytosol (Bruey et al, 2000) . Hsp27 appears to play a role in preventing cells from Cd-induced damaging by altering the oxidative environment of cells through induction of glutathione expression, as well as by blocking apoptosis induced by reactive oxygen species (ROS) (Wyttenbach et al, 2002) . Growth arrest and DNA-damage-inducible 45 alpha (Gadd45a) may also involved in the induction of apoptosis and cell cycle arrest by maintain p38/JNK MAPK activation (Hildesheim et al, 2002) .
Apoptosis is a cell suicide mechanism to eliminate individual cells that threaten animal's survival (Ashkenazi and Dixit, 1998) . Under the severe damage induced by stress, the death receptors such as tumor necrosis factor receptor superfamily, member 1a (Tnfrsf1a) detect the presence of extracellular death signals and, in response, they rapidly ignite the cell's intrinsic apoptosis machinery by transmitting apoptosis signals and activating death cascades (Ashkenazi and Dixit, 1998; Ashkenazi and Dixit, 1999) . Binding of tumor necrosis factor (TNF) to TNF receptor activates Map kinase, Map3k1 (Mekk1), which stands at the top of MAPKs pathways leading to transcriptional regulation, i.e., phosphorylation of c-Jun (Chadee et al, 2005; Natoli et al, 1997; Xia et al, 2000) . Map3k1 is a potent activator for JNK group of MAPKs such as Mapk10 (Minden et al, 1994; Xia et al, 2000; Morel and Barouki, 1999) . The activation of p38 MAPK (Mapk14) by Map3k1 leads to the transcriptional activation of many stress and growth related genes (Yuasa et al, 1998) . The activation of immediately early gene Jun may in turn activate the transcription of detoxification enzymes (Morel and Barouki, 1999; Schiaffonati and Tiberio, 1997) and induce a variety of antioxidant genes such as Catalase (Cat), heme oxygenase 2 (Hmox2), Ugtla6 and glutathione reductase (Gsr) which are critical in preventing the accumulation and deleterious effects of ROS induced by stress (Morel and Barouki, 1999) . In addition, caspase can be indirectly induced by tumor necrosis factor 1 receptor (Muzio et al, 1997) and is involved in the proteolytic cleavage of ADP-ribosyltransferase 1 (Adprt) during apoptosis (Faleiro et al, 1997; Gu et al, 1995) . The blc-x gene is regulated by signal transducer and activator of transcription 5 (Stat5) (Bui et al, 2001; Socolovsky et al, 1999) and is involved in the activation of JNK (Srivastava et al, 1999) and inhibition of cleavage of Adprt (Datta et al, 1997; Emoto et al, 1995) .
CONCLUSION
In this study, microarray gene expression profiles at a certain time point were used to evaluate the cytotoxicity at subsequent time points using PLS. The relatively high R 2 cv obtained from prediction models as well as the low R 2 cv obtained from the permutation studies indicate that it is possible to use transcriptomic profiles at early time points to evaluate the cadmium-induced toxicity at later time points. Some genes were identified as potential biomarkers to predict cytotoxicity, i.e., LDH leakage, in cultured primary rat hepatocytes exposed to Cd. Based on the functions of genes selected using PLS, a hypothetic pathway/network was also reconstructed to illustrate how cells respond to the stress induced by Cd.
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